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Abstract. Face recognition is one of the most successful applications in biomet-
ric authentication. However, methods reported in the literature still suffer from 
some problems which prevent the further development in face recognition. This 
paper presents a novel robust method for face recognition under near infrared 
(NIR) lighting condition based on Extended Local Binary Pattern (ELBP), 
which solves the problems produced by variations of illumination rightly, since 
the NIR images are insensitive to variations of ambient lighting, and ELBP can 
extract adequate texture features form the NIR images. By combining the local 
feature vectors, a global feature vector is formed and as the global feature vec-
tors extracted by ELBP operator often have very high dimensions, a classifier 
has been trained using the AdaBoost algorithm to select the most representative 
features for better performance and dimensionality reduction. Compared with 
the huge number of features produced by ELBP operator, only a small part of 
the features are selected in this paper, which saves much computation and time 
cost. The comparison with the results of classic algorithms proves the effective-
ness of the proposed method. 
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1   Introduction 

As one of the most representative applications in biometrics, face recognition has 
attracted increasing attention during the past several decades [1]. But there are still a 
few difficult problems such as variations in lighting condition, expression and posture 
to counteract the further development in face recognition. Among the difficult prob-
lems above, lighting condition is the most important one to challenge the robustness 
of a face recognition algorithm. To solve this problem, lots of efforts have been made. 

Compared with all the solutions, face recognition under NIR lighting brings a new 
and efficient dimension and is even more practical in real condition because of four 
main reasons. First of all, with an active NIR lighting which provides enough NIR 
intensity to remove the influence of ambient lighting, NIR face recognition is robust 
to the variations of ambient lighting. Secondly, compared with thermal IR face  
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recognition, NIR face recognition is less affected by the ambient temperature, emo-
tional and health condition. Thirdly, compared with 3D face recognition, NIR face 
recognition has less costing. Finally, NIR face recognition has a wide range of appli-
cation, for it can work both in daytime and nighttime. 

Face detection and recognition using NIR images has been studied since the begin-
ning of this century. Dowdall et al. [2] presented a NIR face detection method. Pan et 
al. [3] presented a NIR face recognition method using the images captured in multi-
band spectral. Stan Z. Li et al. [4] presented an illumination invariant face recognition 
using NIR images based on the LBP method recently. However, we find there is still 
some room for improving the accuracy of NIR face recognition if more applicable 
features can be extracted from the NIR images. 

Recently, feature-based approaches have been used in face recognition for obvious 
advantages: being robust to expression, illumination and posture variations and requir-
ing fewer or no training data. Local Binary Pattern (LBP) is a typical feature-based 
method, and it is applied to face recognition by Timo et al. [5] soon after being pro-
posed. However, LBP operator only extracts differences of signs between the neighbor 
pixels of the face images, and the exact gray value differences called hidden information 
in this paper which are also important to describe a face have been ignored. 

Considering what is introduced above, an Extend Local Binary Pattern (ELBP) 
method has been proposed for NIR face recognition in this paper. ELBP comes of 
3DLBP which is first proposed in 3D face recognition [6], and being modified, it is 
used to NIR face recognition. With ELBP, hidden information can be extracted to get 
a more comprehensive description of the NIR face image. For each NIR image, a 
global texture feature can be built through combining the local texture vectors ex-
tracted by ELBP operator. As the global feature vectors usually have very high di-
mensions, a classifier has been trained using the AdaBoost algorithm to select the 
most representative feature for better performance and dimensionality reduction. 

The remaining part of the paper is organized as follows: In section 2, hardware and 
database is introduced. Section 3 presents ELBP method. Section 4 describes the 
feature selection based on AdaBoost. Experiments are conducted and the results are 
shown in section 5, followed by a discussion, conclusion and future work in section 6. 

2   Hardware and Database 

Since there is no public available NIR database, in order to obtain NIR images with 
good quality for face recognition, we have designed a device including one PC, one 
camera, an active NIR lighting, and an optical sensor. The computer is utilized to 
control the whole device. The camera has a special optical filter which prevents the 
visible light to get through; assuring that visible light brings no influence to the col-
lected images. The active NIR lighting consists of a certain number of diodes, and the 
wavelength is 850nm, which is almost invisible to human eyes. The optical sensor is 
used to induce the ambient NIR intensity, and controls the active NIR lighting to give 
a changeable NIR intensity to ensure that the camera works in a constant and proper 
NIR lighting condition.  
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The NIR face image database contains 1200 images form 60 subjects, which has a 
proper gender proportion of 1:1, with moderate pose and expression variations cap-
tured in different time within one week. After the processing of wavelet denoise and 
normalization, we get the qualified images of the same size, 80×80 pixels. Fig.1 
shows some samples in the database. 

 

Fig.1. Samples in database 

3   Extended Local Binary Pattern Based Face Description 

3.1   Extended Local Binary Pattern 

Local Binary Pattern (LBP) algorithm is first proposed by Ojala et al. [7] for texture 
description. The local binary patterns are fundamental properties of local image tex-
ture and their occurrence histogram is proven to be a very powerful texture feature. 
As we known, LBP has been successfully utilized in 2D face recognition by Timo et 
al. [5]. Y.G. Huang [6] proposed a modified LBP named 3DLBP in 3D face recogni-
tion, and we consider that it is an extended LBP in fact. Motivated by the original 
LBP and the 3DLBP method referred above, in this paper, an Extended Local Binary 
Pattern (ELBP) operator is proposed to extract global texture features from NIR face 
images. The LBP operator used in 3DLBP is original LBP    

(8, 1) which has been changed 
into uniform pattern LBP U2 

(8, 1) . LBP U2 
(8, 1)  brings two main advantages: one is on 

robustness to the variations of rotation, and the other is on dimensionality reduction. 
In ELBP, not only the original LBP are included, but also the information of the 
hidden differences is encoded into binary patterns. 

The main idea of the original operator is described in Fig.2. 
See Fig.2 for an illustration of the basic LBP operator. The operator assigns a label to 

each pixel of an image by thresholding the 3×3-neighborhood of each pixel with the 
center pixel value and considering the results as binary units: 0 or 1 according to their 
signs. Then, binary units are arranged clockwise. Thus, a set of binary units is obtained 
as the local binary pattern of the pixel. Two parameters (P, R) are used to control the 
selection of the number of neighbors (P) and their radius (R) of the location.  
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Fig. 2. An example of basic LBP operator 

The binary pattern is further transformed to decimal number or ‘uniform pattern’ 
which is another extension to the original LBP operator. A local binary pattern is 
called uniform pattern if the binary pattern contains at most two bitwise transitions 
from 0 to 1 or vise verse when the bit pattern is considered circular. For instance, the 
patterns 00000000 (0 transitions) and 01110000 (2 transitions) are uniform whereas 
the pattern 11001001 (4 transitions) and 01010011 (6 transitions) are not. In the com-
putation of the LBP histogram, uniform patterns are used so that the histogram has a 
separate bin for every uniform pattern and all non-uniform patterns are assigned to a 
single bin. The LBP method can be expressed with the parameters LBPU2 

(P, R). 
From the process in Fig.2, we can see that LBP operator actually encodes relation-

ships of pixels with their neighbors. These “relationships” are named as “texture fea-
tures” in this paper. Therefore, LBP can be seen as a type of local texture features. In 
our opinion, the difference information should exist in the texture features of the 
points on the face images. Considering this intrinsic property of LBP analyzed above, 
we suppose that LBP operator should have the potential power to encode hidden in-
formation in the NIR face images. 

Moreover, in the process of LBP operator, encoding differences of signs between 
the neighbor pixels only is not enough for describing faces, since some of the impor-
tant information kept in the differences of the gray values is neglected, which is also 
stated in [6]. See a specific example in Fig.3. Though I and II are two different per-
sons, LBP of their nose tips are the same, because all the points around the nose tips 
are ‘lower’ than them. So we can see that, with the same trend of gray value variation 
in the same place in two NIR face images of different persons, LBP is inadequate to 
distinguish them. As a result, the exact differences of the gray values are encoded into 
binary patterns as what is shown in Fig.3. 

According to our statistical analysis, in our NIR image database, nearly 90% per-
cent of the gray value differences between points in R=2 are smaller than 7, so three 
binary units are added to encode each gray value difference between a pixel and its 
neighbor. Three binary units ({i2i3i4}) [6] can correspond to the absolute value of gray 
difference (GD): 0~7. All the |GD|≥7 are assigned to 7. Combining with signs of the 
differences denoted by 0, 1 as the head binary unit (i1) like what the original LBP 
does, we finally construct a set of 4 binary units {i1i2i3i4} to denote GD between two 
points as follows [6]. 

1

1, 0,

0, 0.

GD
i

GD

≥⎧
= ⎨ <⎩

 (1) 

2 1 0
2 3 12 2 2GD i i i= ⋅ + ⋅ + ⋅  (2) 
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To illustrate the equations above, an example is shown in Fig.3. 

 

Fig. 3. An example of ELBP and its comparison to original LBP 

Four binary units are divided into four layers. The binary units of each layer are ar-
ranged clockwise, see Fig.3. Then, four decimal numbers are achieved: P1, P2, P3, P4 
at each pixel point as its representation, which are called Extended Local Binary Pat-
tern (ELBP). For matching, ELBP are first transformed into four maps according to 
P1, P2, P3 and P4 respectively: ELBPMap1, ELBPMap2, ELBPMap3, and 
ELBPMap4. Then the four maps are all transformed to uniform pattern LBPU2 

(8, 1). At 
last, histograms of local regions of the four maps are concatenated as a local texture 
features η.  

3.2   Face Description with ELBP 

The ELBP method introduced in the previous subsection is utilized for face descrip-
tion. The procedure consists of using ELBP operator to produce several local texture 
features ρ1, ρ2,…, ρn and combining them into a global texture feature η to describe 
the whole face.  

The NIR face image is divided into local regions and ELBP operators extract local 
texture feature from each region independently. The local features are then concate-
nated to form a global texture feature of the face. Fig.4 presents an example of a NIR 
face image divided into rectangular regions. 
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Fig. 4. A NIR face image divided into 2×2, 4×4, 8×8 rectangular regions 

The basic histogram can be extended into a spatially enhanced histogram which 
encodes both the appearance and the spatial relations of face regions. As the n face 
regions R1, R2, …, Rn have been determined, a histogram is computed independently for 
each of the n regions. The resulting n histograms are combined and a spatial enhanced 
histogram is produced. The spatially enhanced histogram is size of n×k where k is the 
length of a single ELBP histogram. Global texture feature η of the face on three dif-
ferent levels of locality can be gained from the spatially enhanced histogram: the 
ELBP labels for the histogram contain information about the patterns on a pixel-level, 
the labels are summed over a small region to yield information on a regional level and 
the regional histograms are concatenated to build a global texture feature η of the 
face. 

It should be noted that when using the histogram-based methods, despite the ex-
amples in Fig.4, the regions R1, R2, …, Rn do not need to be rectangular. Besides, the 
regions do not need to be of the same size or shape, and it is not necessary to cover 
the whole image either. For instance, they could be circular regions located at the 
fiducial points. It is also possible to have partially overlapping regions like in [5]. 

4   Feature Selection Based on AdaBoost 

With the successful application in face detection, boosting, as one of the most com-
monly used methods, has shown its strong ability to solve two-class problems. In 
order to utilize this successful method, we need to convert the multi-class problem to 
a two-class problem. The Bayesian method proposed by Moghaddam and Pentland 
[8] was the top one performer in FERET96 test. Actually, the essential idea underly-
ing the method is just what we want to utilize. Basically, face recognition is a multi-
class problem, but Moghaddam and Pentland use a statistical approach which learns 
the variation in different images of the same subject to form the intra-personal space, 
and the variation in different images of different subjects to form the extra-personal 
space. Therefore, the multi-class problem is converted to a two-class problem. The 
estimation of the intra-personal and the extra-personal distributions is based on the 
assumption that the intra-personal distribution is Gaussian [4]. 

In our method, the intra-personal class and the extra-personal class are defined as 
follows: ηi is a global texture feature vector of a NIR face image, where the subscript 
i means this image belongs to the subject whose ID is i; ηj is a global texture feature 
vector of other subject; D(η) = || ηi - ηj || means the difference of the two vectors, 
presenting the distinction of the ELBP features. If i = j, D(η) is in the intra-personal 
space and considered as the positive examples in the training process. On the 
contrary, if i ≠ j, D(η) is in the extra-personal space and considered as the negative 
examples. 
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As a version of the boosting algorithm, AdaBoost is used to solve two-class prob-
lem that distinguishing the intra-personal space from extra-personal space. AdaBoost 
is based on the notion that a strong classifier can be created by linearly combining a 
number of weak classifiers. Viola and Jones [9] used the AdaBoost algorithm to train 
a classifier to learn simple Haar features for face detection. Up to now, their system is 
the fastest face detection system with competitive accuracy. 

A weak classifier could be a very simple threshold function hj (x) consisting of 
only one simple feature fj (x): 

( ) ( )1

0

j j j j
j

if p f x p
h x

otherwise

λ<⎧⎪= ⎨
⎪⎩  

(3) 

Where λj is a threshold and pj is a parity to indicate the direction of the inequality. The 
threshold value could be determined by the mean value of the positive samples and 
the mean value of the negative samples on the jth feature response: 
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Each weak classifier is trained to select one feature from the complete set for clas-
sification. When the classifiers are combined, a much better performance can be 
achieved than just using a single classifier. The algorithm focuses on difficult training 
patterns, increasing their representation in successive training sets. 

The algorithm can be described in detail: each feature presents a weak classifier, 
and T weak classifiers are selected to compose the final strong classifier during a 
number of T rounds. In each of iterations, the space of all possible features is searched 
exhaustively to find the best weak classifier with the lowest weighted classification 
error. The error is then used to update the weights so that the wrongly classified sam-
ples get weights increased.  

5   Experiments and Results 

After ELBP feature extraction and AdaBoost feature selection, the global texture 
feature η is transformed to a feature vector ζ with T dimension which is much lower 
than the original n×k dimension. Then Nearest Neighbor (NN) classification is util-
ized on these AdaBoost selected Gabor features for classification instead of the final 
strong AdaBoost classifier, for the latter one often appears in the area of face verifica-
tion, a two-class problem which is different from face recognition, a multi-class prob-
lem, as a result NN is more convenient. 

The NIR face database contains 60 subjects. Each subject has 20 images, half of 
which are used for training AdaBoost, 5 for gallery and 5 for probe. All the images 
are normalized to size of 80×80 pixels, and the local features extracted by ELBPU2 

(8, 1) 
operator from one region are also with the same number of 59×4= 236 bins. There-
fore, if the NIR face images are divided into 8×8 rectangular regions, the global tex-
ture feature vector η includes 59×4×10×10=23600 bins and if ELBPU2 

(16, 2) operator is 
used, the global texture feature vector η contains 243×4×10×10=97200 bins. The 
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dimension is too high to calculate. To apply the AdaBoost algorithm for ELBP feature 
selection, in the training process, 2700 intra-class global texture vector pairs are used 
to produce positive samples, and 17700 global texture vector pairs selected randomly 
from the whole 177000 extra-class global texture vector pairs are used for yielding 
negative samples. The first learned 10000 features are chosen for classification. 

Table 1. The recognition rates of different algorithms 

Method Average Recognition Rate 
PCA 0.8246 
LDA 0.8977 
LBP 0.8830 
ELBP 0.9350 
LBP(Best Result) 0.9167 
ELBP (Best Result) 0.9574 

To prove the effectiveness of ELBP on NIR face database, several experiments are 
designed to compare the performance with Eigenface (PCA), linear discriminant 
analysis (LDA), local binary pattern (LBP). The recognition results of these methods 
are shown in Table 1. It should be noted that the LBP algorithm used in the experi-
ments is LBPU2 

(8, 1), and the NIR images are divided into 10×10 windows. The best result 
of LBP and ELBP is achieved when the number of selected features is 4200 and 8600 
respectively. 

 
                                       (a)                                                                    (b) 

Fig. 5. (a) Recognition rate of the proposed method with respect to the number of selected 
ELBP features by AdaBoost when the number of bins is less than 5900. (b) Recognition rate of 
the proposed method with respect to the number of selected ELBP features by AdaBoost when 
the number of bins is between 6000 and 10000. 

The face recognition performance of the proposed method with different number of 
selected ELBP features by AdaBoost is drawn in Fig.5, and the curve of LBP is used 
as a comparison. Since the feature produced by LBPU2 

(8, 1) operator contains 5900 bins 
whereas the feature produced by ELBPU2 

(8, 1) contains 23600 bins, so Fig.5 is divided 
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into two parts. We can see when the number of selected bins is between 7300 and 
9000, the results of ELBP are obviously better than the best result of LBP. 

In addition, the ELBP method is evaluated on the FERET database and protocol, 
which have been widely to evaluate face recognition algorithms and are a de faceto 
standard in face recognition research field [10]. The FERET database consists of 
images captured under visible light, and the images are normalized to size of 80×80 
pixels in the experiments. To achieve a fair comparison, all the images are divided 
into 8×8 windows. The results might be different from the results mentioned in [6] 
due to the different forms of image division and LBP operators. 

Table 2 shows the performances of LBP and ELBP method, and as a comparison, 
the best result of FERET’ 97 [10] is also listed. We can see from the table that ELBP 
method is not as good as the performance of LBP especially in fc. Statistical analysis 
gives one reason that the distribution of exact gray value differences between a pixel 
and its neighbor leads to the bad results. Only about 65% percent of the gray value 
differences between points in R=2 are smaller than 7, and the gray differences are 
assigned to 7 if they are more than 7. As a result, less hidden information is extracted 
from this kind of images than from NIR images. Therefore, the proposed ELBP 
method is applicable to the database, in which the gray value differences of neighbor 
pixels in the images do not change dramatically, such as the NIR database. 

Table 2. The rank-1 recognition rates of different algorithms for the FERET probes sets 

Method fb fc dup I dup II 
Best Result of  FERET’97 0.96 0.82 0.59 0.52 

LBP 0.924 0.302 0.517 0.296 
ELBP 0.806 0.195 0.448 0.151 

6   Conclusions 

This paper proposes a novel method utilizing ELBP to extract global texture feature 
from NIR images, and pursuing better performance and dimensionality reduction, 
Adaboost is used to select the most representative features. Since the NIR images are 
insensitive to variations of illumination, and ELBP can extract adequate texture fea-
tures, compared with original LBP method, ELBP is proved to be more effective for 
NIR face recognition in the experiments. Moreover ELBP is also evaluated on the 
FERET database, which illustrates that the proposed method is not applicable to the 
images which are captured in visible spectrum. Through statistical analysis, we have 
found that the performance of the ELBP depends on the distribution of exact gray 
value differences between a pixel and its neighbor. If most of the gray value differ-
ences can be denoted by the ELBPMap instead of being assigned to a certain number, 
the results will be encouraging. And the ELBP can be extended further to describe the 
exact gray value differences if no limits to the computation cost are required. 

Moreover, a classifier has been trained using the AdaBoost algorithm to select the 
most representative features, avoiding the very high dimensions. Compared with the 
huge number of features produced by ELBP operator, the classifier in this paper only 
selects part of features, which saves computation and time cost significantly. 
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In the future work, the weight of each division in the ELBP method will be trained 
to improve the performance, and some efforts may further be made for the computa-
tion reduction and feature selection. 
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